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THE NEED FOR INTELLIGENT FLIGHT CONTROL 
Many f a t a l  a i r c r a f t  acc iden t s  appear t o  be t h e  r e s u l t  o f  a misuse of informa- 
t i o n ,  knowledge, or capab i l i t y .  For instance,  a p i l o t  depends on instruments  f o r  
accu ra t e  a i r c r a f t  s t a t u s  information. Inaccurate  or partial  information depr ives  
the  p i l o t  of t h e  resources  necessary t o  safe ly  ope ra t e  t h e  a i r c r a f t ,  and thus  
c o n s t i t u t e s  a misuse of information. S imi la r ly ,  negl igence or inexperience on 
t h e  part  of t h e  p i l o t  r ep resen t s  a misuse of knowledge. F i n a l l y ,  modern gener ic  
j e t  a i r c r a f t  have highly redundant con t ro l  e f f e c t o r s .  
p o s s i b l e  t o  counterbalance t h e  e f f e c t  of a f a i l e d  primary c o n t r o l  e f f e c t o r ,  such 
as an a i l e r o n ,  wi th  a secondary con t ro l  e f f e c t o r ,  such as a t r a i l i ng -edge  f l a p .  
I f  an a i r c r a f t  i s  c o n t r o l l a b l e  fol lowing a f a i l u r e ,  b u t  through a lack of informa- 
t i o n ,  knowledge, o r  a b i l i t y  t h e  p i lo t  f a i l s  t o  c o n t r o l  it, t h i s  r ep resen t s  a 
m i s u s e  o f  c a p a b i l i t y .  
A s  a r e s u l t ,  it may be 
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The objec t ive  of t h i s  research  1s t o  use a r t i f i c i a l  i n t e l l i g e n c e  techniques,  
along w i t h  s t a t i s t i c a l  hypothesis  t e s t i n g  and modern c o n t r o l  theory ,  t o  h e l p  t h e  
p i l o t  cope with t h e  i s s u e s  of information,  knowledge, and c a p a b i l i t y  i n  t h e  event  
of a f a i l u r e .  W e  are developing an " i n t e l l i g e n t "  f l i g h t  c o n t r o l  system which 
u t i l i z e s  knowledge of  cause-and-effect r e l a t i o n s h i p s  between a l l  a i r c r a f t  com- 
ponents.  It w i l l  s c reen  the  information a v a i l a b l e  t o  t h e  p i l o t ,  supplement h i s  
knowledge, and most important ly ,  u t i l i z e  t h e  remaining f l i g h t  c a p a b i l i t y  of t h e  
a i r c r a f t  following a f a i l u r e .  The l i s t  of f a i l u r e  types t h e  c o n t r o l  system w i l l  
accommodate includes sensor  f a i l u r e s ,  a c t u a t o r  f a i l u r e s ,  and s t r u c t u r a l  f a i l u r e s .  
PURPOSE 
TO INVESTIGATE THE POSSIBLE CONTRIBUTION OF A R T I F I C I A L  
INTELLIGENCE TECHNIQUES TO AIRCRAFT FAILURE DETECTION, 
1I)ENTIFICATIONj AND RECONF! GURATION (FD I R >  
MOT I VAT I ON 
MOST EXISTING FDIR SCHEIES CAN HANDLE ONLY A SUBSET OF 
ALL  POSSIBLE AIRCRAFT FAILURES 
FEW EXISTING FDIR SCHEMES INCORPORATE HUMAN-LIKE COMMON 
SENSE OR KNOWLEDGE RELATING ALL AIRCRAFT COMPONENTS 
REDUNDANCY IN MODERN AIRCRAFT MAY PERMIT RECOVERY FROM 
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I n  o rde r  t o  adapt  t o  s i g n i f i c a n t  fa i lure- induced changes i n  t h e  conf igu ra t ion  
of  t h e  a i r c r a f t ,  t h e  c o n t r o l  system must have a variable s t r u c t u r e .  A fly-by-wire 
f l i g h t  c o n t r o l  system can be reconfigured by supplying new mathematical  models and 
ga ins  t o  t h e  computer, thus  a c o n t r o l  system of t h i s  form is  assumed. N o t e  t h a t  t he  
p i l o t  f l i e s  t h e  a i r c r a f t  v i a  t h e  f l i g h t  computer and has no d i r e c t  l i n k  t o  t h e  con- 
t r o l  su r faces .  It  is e s s e n t i a l ,  t h e r e f o r e ,  t h a t  t h e  f l i g h t  computer have t h e  model 
and ga ins  corresponding t o  t h e  a c t u a l  a i r c r a f t  conf igura t ion .  Assuming t h a t  a 
f a i l u r e  w i l l  s i g n i f i c a n t l y  change t h e  conf igura t ion ,  it w i l l  be t h e  job  of t h e  
knowledge-based reconf iyurable  f l i g h t  cont ro l  system (KBRFCS) t o  r ep lace  t h e  pre- 
f a i l u r e  model wi th  t h e  c o r r e c t  model. 
BASIC FLY-BY-WIRE FLIGHT CONTROL SYSTEM 
STATE - SPACE MODEL 
G(K), B(K) = DETERMINISTIC BIASES 
w(K), !(K) = INDEPENDENT, ZERO-MEAN GAUSSIAN 
- 
WHITE NOISE PROCESSES 
EL(K)y(J)T] = Q(K)~,, 
E['(K)y(J)T] = R(K)~,, 
6 5  
A PROCEDURE FOR INTELLIGENT FAILURE MANAGEMENT 
One method of dea l ing  wi th  t h e  problem of f a i l u r e  d e t e c t i o n ,  i d e n t i f i c a t i o n ,  
and reconf igura t ion  (FDIR) is t h e  fOllOWing. The KBWCS supe rv i se s  a i r c r a f t  behavior  
u n t i l  some abnormality occurs ,  a t  which t i m e  a f a i l u r e  a l e r t  i s  given. The system 
then  a l l o c a t e s  i t s  resources  to  best se rve  t h e  problem-solving process .  This  w i l l  
be important  i f  implementation r equ i r e s  a multi-microprocessor environment. Next, 
t he  system t r i e s  t o  diagnose exac t ly  what has f a i l e d .  Concurrent ly ,  immediate and 
temporary measures are taken t o  h e l p  reduce t h e  e f f e c t  o f  t h e  f a i l u r e  dur ing  diag- 
nos is .  An example of such compensation would be t h e  d e f l e c t i o n  of a f l a p  t o  o f f s e t  
a sudden, unexplained r o l l .  When t h e  f a i l u r e  is  i d e n t i f i e d ,  t h e  b e s t  c o n t r o l  con- 
f i g u r a t i o n  given the  p re sen t  circumstances is chosen and r econf igu ra t ion  begins .  
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FAILURE DETECTION AND DIAGNOSIS PROBLEMS 
The easiest way to  d e t e c t  and i d e n t i f y  a sensor  f a i l u r e  i s  t o  compare th ree  
sensors  which measure t h e  same quant i ty .  
s i v e ,  however. I n  t h e  l e s s  expensive duplex system a f a i l u r e  i s  easy t o  d e t e c t  b u t  
hard to  i d e n t i f y .  Funct ional  redundancy between unique sensors  can be exp lo i t ed  t o  
f u r t h e r  reduce c o s t s .  
p i t c h  rate information;  t he re fo re ,  t he  s igna l s  can be compared t o  d e t e c t  a f a i l u r e  
i n  one of t h e  t w o  components. Although seemingly s t r a igh t fo rward ,  t hese  F D I  tech- 
niques can run i n t o  problems. Consider a t r i p l e x  system i n  which two of  t h e  sensors  
are powered f r o m  one e l e c t r i c a l  source and the t h i r d  sensor  from a d i f f e r e n t  source.  
I f  t h e  t r i p l e x  FDI scheme i d e n t i f i e d  a f a i l u r e  by s i n g l i n g  o u t  t h e  one sensor  which 
d i f f e r e d  f r o m  t h e  o t h e r  t w o ,  a power f a i l u r e  t o  the  f i r s t  t w o  sensors  would be m i s -  
construed as a f a i l u r e  of t h e  t h i r d .  This br ings up the  need f o r  t he  incorpora t ion  
of i n t e l l i g e n c e  i n t o  t h e  f a i l u r e  d iagnos is  process,  an i n t e l l i g e n c e  which w i l l  
recognize when such "higher-order" r e l a t i o n s  among d i f f e r e n t  elements of t h e  air- 
c r a f t  e x i s t .  
Such a t r i p l e x  system can be very expen- 
For example, a rate gyro and an accelerometer  can each provide 
DIRECT REDUNDANCY FUNCTIONAL REDUNDANCY 
TRI PLEX 
COMPARE 
R A T E  GYRO A C C E L E R O M E T E R  
kL? COMPARE 




SOME EXISTING FAILURE DETECTION AND DIAGNOSIS SOLUTIONS 
When the  at tempt  i s  made t o  d e t e c t  and diagnose a l l  types of  f a i l u r e s ,  n o t  
simply sensor  f a i l u r e s ,  i t  is  necessary t o  use a l l  t he  a n a l y t i c a l  redundancy a v a i l -  
ab l e .  The general ized l i ke l ihood  r a t i o  (GLR) method and the  mul t ip l e  model (MM) 
method a r e  two algori thms which use t h i s  redundancy t o  choose, from a f i n i t e  se t  of 
a l t e r n a t i v e s ,  t h e  mathematical model which b e s t  p r e d i c t s  t h e  actual a i r c r a f t  
behavior .  I n  F D I  t he  s e t  of a l t e r n a t i v e s  would be the  set  of  f a i l u r e s  one hopes 
t o  d e t e c t  and i d e n t i f y .  The GLR method i s  w e l l  s u i t e d  t o  f a i l u r e  d e t e c t i o n ,  whi le  
t h e  MM method is more e f f e c t i v e  a t  f a i l u r e  i d e n t i f i c a t i o n .  Therefore ,  one way t o  
accomplish FDIR would be t o  f i r s t  d e t e c t  a f a i l u r e  with t h e  GLR, then run t h e  MM 
a lgor i thm t o  choose t h e  proper  model from t h e  se t  of a l l  poss ib l e  f a i l u r e  models. 
GENERALIZED LIKELIHOOD RATIO (GLR) METHOD 
BASIS 
DIFFERENT ABRUPT CHANGES PRODUCE DIFFERENT EFFECTS ON FILTER INNOVATIONS 
ADVANTAGES 
0 LIKELIHOOD CALCULATIONS BASED ON SINGLE NOMINAL KALMAN FILTER 
0 WITH MAGNITUDE OF FAILURE KNOWN, SIMPLIFIED GLR (SGLR) RESULTS I N  VERY 
LOW COMPUTATIONAL LOAD 
0 EFFECTIVELY DETECTS ABRUPT CHANGES 
DISADVANTAGES 
0 ACCOMMODATES ADDITIVE EFFECTS ON SINGLE NOMINAL MODEL ONLY 
MULTIPLE MODEL (MM) METHOD 
OPERATION 
0 OBSERVE U(K) AND Y(K) 
0 CHOOSE MOST LIKELY MODEL FROM F I N I T E  SET OF HYPOTHESES 
0 RECURSIVE PROBABILITY FORMULA FROM BAYES' RULE 
ADVAN TAG E s 
0 ALLOWS PARAMETRIC AS WELL AS ADDITIVE CHANGES 
0 COMPARES MODELS OF DIFFERENT ORDER 
0 ROBUST TO NON-GAUSSIAN STATISTICS 
DISADVANTAGES 
0 HIGH COMPUTATIONAL BURDEN 
0 BANK OF KALMAN FILTERS 
0 SWITCH DETECTION REQUIRES GROWING NUMBER OF FILTERS 
0 SLOW RESPONSE TO MODEL SWITCHES 
AN ALTERNATE SOLUTION 
The KBRFCS w i l l  be expected t o  handle many types of  f a i l u r e s .  Each f a i l u r e  
w i l l  change t h e  a i rcraf t  conf igura t ion  i n  a unique way and w i l l  t h e r e f o r e  have a 
unique model a s soc ia t ed  with it. If t h e  previously mentioned F D I R  scheme is  
employed, t h e  MM a lgori thm w i l l  be requi red  to choose from among thousands of 
models. Although t h i s  may be a t h e o r e t i c a l l y  f e a s i b l e  s o l u t i o n ,  it w i l l  r e q u i r e  
an  immense amount of  computing power. O u r  goals inc lude  eventua l  implementation 
and f l i g h t  t e s t i n g  of the  con t ro l  system, and computer resources  must be kept t o  a 
minimum. I f  t h e r e  w a s  a way t o  l e t  the  MM algorithm tes t  only those  models corre-  
sponding to  f a i l u r e s  which are m o s t  l i k e l y  under t h e  circumstances,  t h e  r equ i r ed  
computer speed could be d r a s t i c a l l y  reduced. I n  t h e  KBRFCS, t h i s  important  diag- 
n o s t i c  tool t akes  t h e  form of an expe r t  system. 
NOMINAL ACTUAL 
SI MPLI F I ED MODEL MODEL 
GENERALIZED 
LIKELIHOOD 
PAT ! G 
WARNING, SENSORS 









THE EXPERT SYSTEM 
The job  of t he  expe r t  system is  t o  narrow down t o  a reasonable  number t h e  l i s t  
of p o s s i b l e  f a i l u r e s  t o  be t e s t e d  by t h e  MM a lgori thm. 
beyond a prespec i f ied  warning l e v e l ,  o r  i f  it JUmpS too  quick ly ,  or i f  a s ta te  o r  
observa t ion  bias  jump is picked up by t h e  GLR, a f a i l u r e  i s  de tec t ed  and t h i s  
information is passed on t o  t h e  expe r t  system. With knowledge of t h e  cause-and- 
e f f e c t  r e l a t ionsh ips  among a l l  a i r c r a f t  components and common-sense f a i l u r e  
d iagnos is  ru les ,  t he  expe r t  system decides  which f a i l u r e s  a r e  m o s t  l i k e l y  t o  have 
occurred. 
When a sensor  value goes 
FLAGS 
RULES 56 
F A I L U R E  L I S T  
A U X I L I A R Y  SENSORS MOST PROBABLE 
SYSTEM F A 1  LURES JUMP F L I G H T  SENSORS 
1' 
R E L A T I O N A L  KNOWLEDGE 
OF A I R C R A F T  
(GLOBAL DATA BASE)  
70 
THE GLOBAL DATA BASE AND THE RULES 
SUPPORT 
The a i r c ra f t  r e l a t i o n a l  knowledge is contained i n  t h e  g loba l  data base. The 
r u l e s  combine t h i s  knowledge w i t h  h e u r i s t i c ,  common-sense reasoning t o  diagnose a 
f a i l u r e .  The fol lowing example i l l u s t r a t e s  t h e  type  o f  r u l e s  t h e  e x p e r t  system 
conta ins .  
\SENSRAIL&ON 
4 
Rule I f  a senso r  (such as an a i l e r o n  pos i t i on  senso r )  has  exceeded i t s  -
#1 expected va lue  and t h a t  sensor  senses an  e f f e c t o r  (such as a n  a i l e r o n )  
and no s ta tes  ( inc luding  r o l l  rate) have exceeded t h e i r  expected va lues  
then  - a sensor  f a i l u r e  i s  l i k e l y  and an  e lectr ical  suppor t  ( f o r  t h a t  
I senso r )  f a i l u r e  is l i k e l y .  
1 
H Y D R A U L I C  
Rule I f  a senso r  has  exceeded i ts  expected va lue  and t h a t  sensor  senses  an -
#2 e f f e c t o r  and t h a t  e f f e c t o r  s t rong ly  e f f e c t s  a s t a t e  which has  exceeded 
i t s  expected va lue  
then  - an e f f e c t o r  f a i l u r e  is  l i k e l y .  
These r u l e s  show how t h e  expe r t  system can d i s t i n g u i s h  between a f a i l e d  e f f e c t o r  
which is  sensed and a f a i l e d  sensor .  
b 
S E N S H Y D R A U L I C  
I -  
KBRFCS GLOBAL DATA BASE 
B A T T E R Y  1 
B A T T E R Y  2 
CONTROLS ACTUAT E5 EFFECTS FORCES 
CONTROL ACTUATOR EFFECTOR FORCE STATE 
; I 
71 
KNOWLEDGE-BASED RECONFIGURABLE FLIGHT CONTROL SYSTEM 
SYSTEM/ 
P I L O T  
Although the  expe r t  system Contains many r u l e s ,  only a s m a l l  number of them 
w i l l  be p e r t i n e n t  t o  a given f a i l u r e  a t  a g iven  p o i n t  i n  t h e  d i a g n o s t i c  process. 
For example, i f  a f a i l u r e  i s  d e t e c t e d  and no state b i a s  jumps w e r e  observed by t h e  
GLR t e s t ,  t h e  exper t  system should n o t  W a s t e  t i m e  t e s t i n g  r u l e s  which depend on the 
ex i s t ence  of  a s t a t e  b i a s  jump i n  o rde r  t o  be t r u e .  The " r u l e  i n t e r p r e t e r s "  pro- 
v ide  t h e  cont ro l  s t r u c t u r e  needed t o  select t h e  appropr i a t e  r u l e s  t o  be t e s t e d .  
With t h e  exper t  system complete, t h e  KBRFCS becomes an i n t e l l i g e n t  and va luab le  
mechanism capable of  accommodating f a i l u r e s  t h a t  a p i l o t  may n o t  be able t o  handle  
a lone.  
RULE INTERPRETERS 
0 SYSFDI 0 M/IFDI 0 COMPENSATION 
0 A/DFDI 0 STRFDI 0 RECONFIGURATION 
0 SENFDI 0 ALLOCATION 0 IMPLEMENTATION 
DATA MANAGEMENT SYSTEM RULES 
0 SGLR 0 PRUNING 
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